INTRODUCTION
The development of long-term data records from multisatellites/multi-sensors is a key requirement to improve our understanding of natural and human-induced changes on the Earth and their implications (NRC, 2007; Miura et al., 2008) . Spectral vegetation indices (VIs) have been and continue to be used for monitoring of Earth's vegetative cover as a precise radiometric measure of green vegetation. Multi-sensor VI continuity/compatibility is, however, a complicated issue due to differences in both sensor characteristics and product generating algorithms (Miura et al., 2008) . The analysis of vegetation and the detection of change in vegetative patterns are keys to natural resource assessment and monitoring. One of the major applications for remote sensing data is the detection and quantification of green vegetation. The principle behind this detection is simple. Actively photosynthesizing plants use blue and red light as energy sources. Therefore they reflect relatively small amount of these wavebands back to the sensor (Harris et al., 2004; Slonecker et al., 2010) . Near-infrared energy is highly reflected by the cell wall/air interface that is part of the internal structure of plants. The first vegetative indices were simple ratios of these spectral bands, mainly using the red band and the near-infrared (NIR) band. Over the years, new vegetative index models have been designed to detect sparse green vegetation and simultaneously minimize the effects of soil background brightness, topographical distortion and atmospheric "noise" (Harris et al., 2004) .
Accurate evaluation of vegetation response across multiple-year time scales is crucial for analyses of global change (Running and Nemani, 1991; Sellers et al., 1994; Stow, 1995; Justice et al., 1998; Fensholt, 2004; Baugh and Groeneveld, 2006) , effects of human activities (Moran et al., 1997; Milich and Weiss 2000; Thiam, 2003; Baugh and Groeneveld, 2006) and ecological relationships (Baret and Guyot, 1991; Asrar et al., 1992; Begue, 1993; Epiphanio and Huete, 1995; Gillies et al., 1997; Baugh and Groeneveld, 2006) . Such evaluations often require the use of vegetation indices calculated from archived satellite data.
Study area and objectives
Cholistan Desert is an extension of the Great Indian Desert and covering an area of 26,330 km 2 , lies within the southeast quadrant of Punjab province, placed between 27° 42' and 29° 45' North latitude and 69° 52' and 73° 05' East longitude (Ahmad, 2005; 2008 To explore agricultural potential areas using change detection 10. To establish a field check system for comparing ground measurements with the processed remote sensed data.
RESEARCH DESIGN AND METHODS
Vegetation indices among other methods have been reliable in monitoring vegetation change (Glenn et al., 2008) . One of the other most widely used indices for vegetation monitoring is the NDVI, because the vegetation differential absorbs visible incident solar radiation and reflects much of the near infra-red (NIR). Data on vegetation biophysical characteristics can be derived from visible and NIR and mid-infrared portions of the electromagnetic spectrum (EMS). The NDVI approach is based on the fact that healthy vegetation has low reflectance in the visible portion of the EMS due to chlorophyll and other pigment absorption and has high reflectance in the NIR because of the internal reflectance by the mesophyll spongy tissue of green leaf. NDVI can be calculated as a ratio of red and the NIR bands of a sensor system (Huete, 2005) .
In this research paper, Landsat ETM+ data (USGS, 2008) were used to generate 5 published vegetation indices. The performance of these VIs is then compared for estimation of a known ecological response. The EVI, NDVI, TNDVI, SAVI and MSAVI2 models were applied upon 1999 and 2003 ETM+ images and further change detection technique was used for the EVI, NDVI and TNDVI calculation and SAVI and MSAVI2 classification.
The goal of this research paper is to reveal vegetation change and to explore vegetation potential sites using multi-temporal satellite data in order to assess changes (Singh, 1989) . ERDAS Imagine software has been used to generate the false colour composite, by combining the near infrared, red and green bands (4, 3, and 2 respectively) for Landsat ETM+ images 1999 and 2003. This was carried out for vegetation recognition, because chlorophyll in plants reflects very well for the near infrared band compared to the visible band of the electromagnetic spectrum (Hatfield et al., 1984) .
SPECTRAL VEGETATION INDICES
To enhance the vegetation signal in remotely sensed data and provide an approximate measure of live green vegetation, a number of spectral vegetation indices have been developed by combining data from multiple spectral bands into single values because they correlate the biophysical characteristics of the vegetation of the land-cover (Campbell, 1987) from the satellite spectral signals (Yang et al., 2008) . Jordan in1969 first presented the ratio vegetation index (RVI). Rouse et al. in1973 further suggested the most widely used normalized difference vegetation index (NDVI) to improve identifying the vegetated areas and their condition (Rouse et al., 1973; Yang et al., 2008) . However, the NDVI index is saturated in high biomass and it is sensitive to a number of perturbing factors, such as atmospheric effects, cloud, soil effects, and anisotropic effects etc. Therefore, a number of derivatives and alternatives to NDVI have been proposed in the scientific literature to address these limitations (Yang et al., 2008) . Tucker (1979) presented a transformed normalized difference vegetation index (TNDVI) by adding a constant 0.5 to NDVI and taking the square root. It always has positive values and the variance of the ratio is proportional to mean values. The TNDVI indicates a slight better correlation between the amounts of green biomass and is found in a pixel (Senseman et al., 1996a; Sandham and Zietsman, 1997; Yang et al., 2008) . To reduce the impact to the NDVI from the soil variations in lower vegetation cover areas, Huete (1988) proposed a soil-adjusted vegetation index (SAVI) by introducing a correction factor L (Yang et al., 2008) . The SAVI was found to be an important step toward the establishment of simple "global" model that can describe dynamic soil-vegetation systems from remotely sensed data (Huete, 1988) . Liu and Huete (1995) proposed the enhanced vegetation index (EVI) to optimize the vegetation signal with improved sensitivity in high biomass regions by incorporating both background adjustment and atmospheric resistance concepts into the NDVI (Justice et al., 1998; Huete et al., 1999) .
The MSAVI2 (Qi et al., 1994) , is modified soil-adjusted vegetation indices that seek to address some of the limitation of NDVI when applied to areas with a high degree of exposed soil surface. The problem with the original soil-adjusted vegetation index (SAVI) is that it required specifying the soil-brightness correction factor L that ranges from 0, for very high vegetation cover, to 1 for very low vegetation cover. Most researchers use 0.5 for L, which is for intermediate vegetation cover. L to 0 makes SAVI equivalent to NDVI (Huete, 1988) .
The NDVI has been widely used in many applications including regional and continental-scale monitoring of vegetation cover (Satterwhite and Henley, 1987; Foran and Pearce, 1990; Myneni et al., 1997; Wang et al., 2004; Wessels et al., 2004; Amiri and Tabatabaie, 2009 ). The biophysical explanation of the relations between spectral vegetation indices and observable vegetation phenomena is still subject to much discussion (Baret and Guyot, 1991; Sellers et al., 1992; Clevers and Verhoef, 1993; Rondeaux et al., 1996) . Although these indices appear to be more reliable and less noisy than the NDVI, they are not widely used except in theoretical studies. The NDVI seems still to be the leading index in remote sensing applications. The reason for this may be either the other indices' more complex formulation or the fact that they have not been convincingly demonstrated to improve on the NDVI in the assessment of vegetation parameters (Rondeaux et al., 1996) . Vegetation indices evaluated in this experiment are given in Table 1 and Figure 6 . 
RESULTS
The enhanced vegetation index (EVI) is an 'optimized index' designed to enhance the vegetation signal with improved sensitivity in high biomass regions and improved vegetation monitoring through a de-coupling of the canopy background signal and a reduction in atmosphere influences (Liu and Huete, 1995; Justice et al., 1998; Huete et al., 1999) . The EVI is computed following the equation:
Where NIR/red/blue are atmospherically-corrected or partially atmosphere corrected (Rayleigh and ozone absorption) surface reflectances, L is the canopy background adjustment that addresses non-linear, differential NIR and red radiant transfer through a canopy, and C1, C2 are the coefficients of the aerosol resistance term, which uses the blue band to correct for aerosol influences in the red band. The coefficients adopted in the EVI ( Figure 1 ) algorithm are; L = 1, C1 = 6, C2 = 7.5, and G (gain factor) = 2.5 (Liu and Huete, 1995; Justice et al., 1998; Huete et al., 1999 Huete et al., , 2002 Karnieli and Dall'Olmo, 2003; Huete, 2005; Gao and Mas, 2008) . The normalized difference vegetation index (NDVI) is a normalized ratio of the NIR and red bands. The NDVI is computed following the equation:
Where, ρ NIR and ρ red are the surface bidirectional reflectance factors for their respective MODIS bands. The NDVI is referred to as the 'continuity index' to the existing 20+ year NOAA-AVHRR derived NDVI (Rouse et al., 1973) time series (Moran et al., 1992; Verhoef et al., 1996; Jakubauskas et al., 2001; Huete et al., 2002; Zoran and Stefan, 2006; USGS, 2010) , which could be extended by MODIS data to provide a longer term data record for use in operational monitoring studies (Chen et al., 2003) .
The theoretical basis for the NDVI lies with the red-NIR contrast of vegetation spectral reflectance signatures (Rahman et al., 2004) . As the amount of live, green vegetation increases within a pixel, the red reflectance will decrease due to chlorophyll absorption while the nonabsorbing NIR spectral region will generally increase especially leaf structure and amount (Baret and Guyot, 1991) .
The NDVI (Figure 2 ) is successful as a vegetation measure in that it is sufficiently stable to permit meaningful comparisons of seasonal and inter-annual changes in vegetation growth and activity (Choudhury, 1987; Jakubauskas et al., 2002; Chen et al., 2006; Zoran and Stefan, 2006) . The strength of the NDVI is in its ratioing concept (Moran et al., 1992) , which reduces many forms of multiplicative noise (illumination differences, cloud shadows, atmospheric attenuation, and certain topographic variations) present in multiple bands (Chen et al., 2002) . Figure  3 ) and is expressed as the ratio of near-IR reflection to red reflection (Tucker, 1979) . The TNDVI is computed following the equation: Greenland (1994) expresses TNDVI as "an integrated function of photosynthesis, leaf area and evapotranspiration". The amount of biomass is directly and inversely related to surface temperature as a function of a number of interrelated effects, including evapotranspirational cooling, sunlight interception, moisture retention, land cover, the surface energy balance and partial canopy cover (Friedl and Davis, 1994; Sandham and Zietsman, 1997; Yang et al., 2008) .
The transformed normalized difference vegetation index (TNDVI) represents the vegetation biomass (
In areas where vegetative cover is low and the soil surface is exposed, the reflectance of light in the red and near-infrared spectra can influence vegetation index values (Huete, 1988) . This is especially problematic when comparisons are being made across different soil types that may reflect different amounts of light in the red and near infrared wavelengths (Huete et al., 2002) . The soiladjusted vegetation index (SAVI) was developed as a modification of the normalized difference vegetation index (NDVI) to correct for the influence of soil brightness when vegetative cover is low (Huete, 1988; Richardson and Everitt, 1992; Rondeaux et al., 1996; Senseman et al., 1996; Lyon et al., 1998) . The SAVI (Figure 4) is structured similar to the NDVI but with the addition of a "soil brightness correction factor" (Huete, 1988) .
Where NIR is the reflectance value of the near-infrared band, RED is reflectance of the red band, and L is the soil brightness correction factor. The value of L varies by the amount or cover of green vegetation: in very high vegetation regions, L=0; and in areas with no green vegetation, L=1. Generally, an L=0.5 works well in most situations and is the default value used. When L=0 makes SAVI equivalent to NDVI (Huete, 1988; Rondeaux et al., 1996) , then SAVI = NDVI (Huete, 1988) .
The modified soil-adjusted vegetation index 2 (MSAVI2) is modified soil-adjusted vegetation indices ( Figure 5 ) that seek to address some of the limitation of NDVI when applied to areas with a high degree of exposed soil surface (Qi et al., 1994) . The problem with the original SAVI is that it required specifying the soilbrightness correction factor L through trial-and-error based on the amount of vegetation in the study area. Not only did this lead to the majority of researchers just using the default L value of 0.5, but it also created a circular logic problem of needing to know what the vegetation amount or cover was before one could apply SAVI which was supposed to give the information on how much vegetation there was. Qi et al. (1994) developed the MSAVI2 to more reliably and simply calculate a soil brightness correction factor (Jiang et al., 2007; Qi et al., 1994; Qi et al., 1994a; Ray, 2011) . The MSAVI2 is computed following the equation:
DISCUSSION AND CONCLUSIONS
As the use of space and computer technology developed, humankind has a great advantage of produce this much important research projects with the help of technology in an easier, more accurate way within less time than other ways. As a result all these can have a very effective role in helping the country to increase the amount and the quality of agricultural products. With different vegetation indexes applied, the changes in biomass were assessed for the years between 1999 and 2003. It was shown that the multitemporal and multisensor satellite data have a great success in biomass analysis (Akkartala et al., 2004) . Ground cover as estimated did not take into account the physiological status of the vegetation in the sense that we did consider as cover all vegetation whatever its status. The use of vegetation indices, in general, takes into account mostly the green living vegetation (Cyr et al., 1995) . Landsat ETM+ different bands have been used in order to estimate the vegetation quantities parameter based on vegetation indices. Figure 6 shows comparative analysis of five vegetation indices quantitatively evaluated in this research paper. According to the findings, the MSAVI2 vegetation index showed minimum decrease while the result of the SAVI and the NDVI was same (Huete, 1988) expressed in Figure 2 and 4. All the vegetation indices showed the same percentage in 'some decrease' class. The MSAVI2 showed slightly raise in 'some increase' class while the result of the other indices; the EVI, SAVI, NDVI and TNDVI showed the same result. In 'increase' category, the MSAVI2 showed minimum increase, the EVI showed increase and the result of the SAVI, the NDVI and TNDVI was same. The modeling process is effective to estimate land cover from satellite images, even using a limited number of data (Bocco et al., 2007) . The EVI is the best to optimize the vegetation signal with improved sensitivity in high biomass regions by incorporating both background adjustment and atmospheric resistance concepts.
The gained result showed significant correlations between ETM+ bands and vegetation groups such as grasses, forbs, shrubs, and bushy trees (Solaimani et al., 2011) . The NDVI is the most commonly used of all the VIs tested and its performance, due to non-systematic variation as described by Huete and Liu (1994) and Liu and Huete (1995) . The soil background is a major surface component controlling the spectral behavior of vegetation canopies and on which the retrieval of biophysical characteristics of the canopy depends. Although vegetation indices, such as the soil-adjusted vegetation indices, considerably reduce these soils effects, estimation of the vegetation characteristics from the indices still suffers from some imprecision, especially at relatively low cover, if no information about the target is known (Rondeaux et al., 1996) . The results of this research are encouraging and the techniques described provide an improved method for estimating the quantity of vegetative cover across large and complex desert environment with satellite imagery. This study also identified several data acquisition and processing issues that warrant further investigation. Studies are under way to assess the importance of coordinating and timing field data collection and image acquisition dates as a means of improving the strength of the relationships between image and land condition trend analysis (Senseman et al., 1996) ground-truth data.
